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Abstract 
Energy is a bottleneck, which restrains the development of China’s economy and society. Our government has always 
been attaching great importance to energy problem. In China, there exist space-time correlation and differences in 
energy consumption and efficiency among different areas. The purpose of this paper is to study the spatial correlation 
and heterogeneity in energy consumption among different provinces, as well as the mechanism of the spatial effects 
of economic growth on energy consumption, energy prices, and population growth by means of constructing 
Bayesian spatial econometric model. 
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1. Introduction 
In China, there exist notable differences in geography, economy, society, science, technology, 
population and culture among all provinces. The time-series data analysis on national energy consumption 
can not reveal the scope and extent how diversities in geographical space affect energy consumption. 
Therefore, it’s more appropriate to make full use of comprehensive time-series and cross-section data to 
display the characteristics of energy consumption in time and space. Spatial econometric models deal 
specifically with the regressive models with spatial effects, having incomparable advantages in analyzing 
the effects of spatial properties on regional economic and social factors. Moreover, data in space panel 
models frequently have heteroscedasticity. However, the popular method of tanking the logarithm of the 
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variables can not eliminate heteroscedasticity fundamentally. In order to obtain more effective statistic 
inference, we try to implement Gibbs sampling method based on Markov Chain Monte Carlo (MCMC) 
and construct a Bayesian spatial econometric model to solve the potential problem of heteroscedasticity. 
Gibbs sampling method can effectively eliminate heteroscedasticity with no assumption of normal 
distribution, and estimate the parameters on the basis of small sample. 
2. Bayesian Spatial Econometric Model 
We will take Heteroscedasticity SAR Model as an example to introduce Bayesian estimation based on 
the MCMC Gibbs Sampler. MCMC method is a kind of special Monte Carlo method, putting the 
stochastic progress, Markov progress, into the Monte Carlo simulation so as to obtain dynamic simulation, 
making sampling distribution change as the simulation operates. Essentially, MCMC is a kind of Monte 
Carlo integration, which uses Markov chain. The MCMC method based on Bayesian inference theorem is 
used to generate the sample of posterior distribution, computing marginal distribution and the moments of 
posterior distribution. 
We assume that the k-dimensional random vector ( )1, , kU U U= "  has joint 
distribution ( )1, , kU Uπ " . kU is the parameter or missing observation of the model, and ( )π • is
posterior distribution. The mathematical expectation of the function ( )h U  is:  
( ) ( ) ( )E h U h U U duπ=⎡ ⎤⎣ ⎦ ∫                      (1) 
In practice, the equation of ( )h U  is highly complicated that it is so difficult to work out it. Now we use 
Monte Carlo integration to obtain its approximation as follows:  
( ) ( )( )
1
1 n t
t
E h U h U
n =
≈⎡ ⎤⎣ ⎦ ∑                           (2) 
When 1, , kU U" are independent of each other, according to the Law of Large Numbers, larger the 
sample-sizes n is, more approximate ( )( )
1
1 n t
t
h U
n =
∑  is to ( ) ( )h U U duπ∫ . However, in many 
complicated models, we are not able to assume that 1, , kU U" are independent of each other, so we 
use Markov chain-Monte Carlo simulation method.  
Markov chain is the most simple and common random progress model in use. For the random 
sequence{ },t t tθ ∈ , if and only if the probability of the state value 1tθ + is concerning to its last state 
value tθ , we call the sequence as Markov Chain, that is to say, ( ) ( )1 0 1, ,t t t tp A p Aθ θ θ θ θ+ +∈ = ∈" . A is the state space of tθ , and T denotes time scale.  
The basic idea of the MCMC method is to construct a Markov Chain simulating the unknown 
variable kU . When the chain arrives at the steady-state distribution, the posterior distribution will be 
computed. The random point kU comes from the distribution ( )π • . We can use different sampling 
methods to obtain different MCMC methods, such as Metropolis-Hastings method, Gibbs sampling 
method and some compound methods. 
Gibbs sampling is one of the most simple and common sampling methods in use, and essentially a 
special case of Metropolis-Hastings method. 
The Bayesian Heteroscedasticity SAR Model is: 
1334  YanpingYu et al. / Energy Procedia 16 (2012) 1332 – 1340
Author name / Energy Procedia 00 (2011) 000–000 
y Wy Xρ β ε= + +                           (3) 
We assume that ( )2~ 0,N Vε σ ， 1( , , )nV diag v v= " ， ( ) ( )~ ,N c Tπ β ，
( ) ( )2/ ~ir v IID rπ χ ， ( ) ( )21/ ~ ,d vπ σ Γ ， ( ) [ ]~ 0,1Uπ ρ . What’s more, we suppose that the 
distribution of β and σ are normal-gamma conjugate prior distribution, that the distribution of ρ is 
uniform prior distribution, and that the distribution of 1, , nv v" are 2χ prior distribution, which is 
represented byπ .( )p Dθ represents posterior probability, where θ stands for parameters and D are sample data. If 
we have sufficient sample from ( )p Dθ , we can use core density to estimate the expression of the 
posterior density or histograms to approximately stand for it, and do not need work out the accurate 
equation of that complex density. 
In heteroscedasticity SAR model, the parameter β , V and σ can be estimated by their conditional 
distributions, which is Gibbs sampling. The following will describe how to estimate them. Suppose that ( )1 2,θ θ θ= denotes a parameter vector, that ( )p θ represents prior probability, and that ( ), ,L y X Wθ stands for likelihood function, so as to construct a posterior distribution ( ) ( ) ( ), ,p D c p L y X Wθ θ θ= ⋅ . c is a standardized constant. Although it is difficult to obtain ( )p Dθ , it is relatively easy to divide the parameters into two sets 1θ and 2θ . Suppose that the 
initial value of 1θ is 1θ
∧
. Now we can easily estimate the 1θ on the condition of 2θ . 2θ
∧
 represents 
the value estimated by means of posterior mean or 2 1,p Dθ θ
∧⎛ ⎞⎜ ⎟⎝ ⎠ . Make further assumption that we can easily construct new estimator of 1θ on the basis of the conditional distribution 1 2,p Dθ θ
∧⎛ ⎞⎜ ⎟⎝ ⎠ , and that this new estimator can be used to construct another value of 2θ , and so on. Every time we 
sequentially sample two conditional distribution 1θ and 2θ , collecting the parameter draws so as to 
construct the joint posterior distribution of the parameters. Gelfand and Smith (1990) proved that a 
group of estimations can be calculated by sequential sampling the conditional distributions with 
complete parameters. Those estimations converge in limitation to the true (joint) posterior 
distribution of the parameters. That is to say, whatever conditional distribution we use, we can make 
use of large sample draws to obtain the effective posterior inference of the joint mean and moments 
of the parameters.    
3. Empirical Analysis and Estimation Results 
First, choosing variables and the source of data 
We choose the gross regional domestic production, population and energy prices as representative 
indexes which affect energy consumption of 30 provinces, cities or autonomous regions (except Tibet, 
Taiwan, Hong Kong, Macao) from 2007 to 2009 year. The data of the quantity of energy consumption 
come from China Energy Statistical Yearbook 2008. And the data of GDP, POP and EP come from China 
Statistical Yearbook.  
Gross domestic production (GDP) is a chief index measuring economic growth. In many works on 
energy consumption, economic growth is considered as the most important determinant, which affects 
energy consumption. It is commonly considered that there exists notable positive correlation between 
economic growth and energy consumption.  
People’s pursuing the quality of life is another factor which causes energy consumption to grow. In 
recent years, as the public income and living standard enhance, the consumption of people’s living energy 
will steadily grow with population increasing, industrialization and urbanization, and energy consumption 
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per capita will continuously increase, too. Therefore, this paper chooses the total population of each 
province to measure the effects of population growth on energy consumption. We predict that population 
growth has positive correlation with energy consumption.  
As the landmark of energy marketization, energy prices measure the effects of prices on energy 
consumption. According to the laws of market, prices and consumption should show negative correlation. 
But allowing for the low level of the marketization of China’s energy prices, there exist the effects of 
“planned prices”. Moreover, the energy prices are so low as to they cannot reflect the demand and supply. 
We predict that the energy prices and consumption probably have no negative correlation. Allowing for 
the availability and relevance of data, this paper chooses EP as the representative indicator of energy 
prices.
Second, testing spatial correlation 
Choose the mean of 02-07year energy consumption and use GEODA software to calculate Moran’s I 
index. The spatial weight is based on the first-order ROOK connection, that is, the weight is 1 if adjacent 
in geography and 0 if not, and then standardize the weights to obtain spatial weight matrix W. because 
Hainan is an island, we consider that Hainan and Guangdong are adjacent. As a result, Moran’s I =0.2360, 
which states that there exist spatial local correlation and heterogeneity in energy consumption behaviors 
of each province.  
Picture 1 Moran Scatter Picture 
Moreover, we did LN and Robust LM tests, successively determining the applicable econometric model 
of data. 
Table 1 Spatial Correlation Tests 
Tests index/degrees of freedom statistics p 
Moran's I (error) 0.132342 3.7713028 0.0001624 
Lagrange Multiplier (lag) 1 8.9302439 0.0028049 
Robust LM (lag)  1 8.0419134 0.0045707 
Lagrange Multiplier (error) 1 3.2520820 0.0713328 
Robust LM (error)    1 2.3637515 0.1241832 
Lagrange Multiplier (SARMA) 2 11.2939954 0.0035281 
Table 1 describes the results of spatial correlation tests, states that the LM-Lag statistics is larger than 
the LM-Error statistics, and that the former’s p value 0.0028 is smaller than the latter’s 0.071, which 
indicates that the statistics is significant. According to the Asenlin theory, in our research SAR model is 
better than SEM model.  
Third, estimating parameters and results 
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We use the most representative and common MCMC method--Gibbs Sampler to estimate the model. 
Bayesian heteroscedasticity SAR model is: 
y Wy Xρ β ε= + +                           (4) 
Suppose that ( )2~ 0,N Vε σ ， 1( , , )nV diag v v= " ， ( ) ( )~ ,N c Tπ β ，
( ) ( )2/ ~ir v IID rπ χ ， ( ) ( )21/ ~ ,d vπ σ Γ ， ( ) [ ]~ 0,1Uπ ρ . Moreover, assume that β and
σ  obey normal-gamma conjugate prior distribution, that the prior distribution of ρ is standard normal, 
and that 1, , nv v" obey 2χ  prior distribution, which is denoted byπ .
The conditional distribution of β  is as following: 
( ) ( )2, , ~ ,p V N b Bβ ρ σ σ
( ) ( )( )11 2 1 1 2 1nX V X T X V I W y T cβ σ ρ σ−− − − −′ ′= + − +        (5) 
( ) 12 1 2 1B X V X Tσ σ −− −′= +                               (6) 
We can find that the conditional distribution of β is a multivariate normal distribution β . On the 
basis of the other parameters, the conditional distribution of σ is: （Gelman, Carlin, Stern and 
Rubin,1995）
( ) ( ) ( 1)2 2 12 22, , exp 2
n d vp V e V eσ β ρ σ σ
− + + −⎡ ⎤′∝ − +⎢ ⎥⎣ ⎦             (7) 
( )ne I W y Xρ β= − −                          (8) 
This is proportional to the inverse Gamma Distribution of the parameter 
2
n d+  and 1 2e V e v−′− + .
Besides, we can sample the range of σ  value from this distribution. 
Geweke (1993) proposed the conditional distribution of V based on the other parameters. We can 
denote the conditional posterior distribution of every iv  as:  
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( )2 2 2, , , ~ 1i i
i
e rp v r
v
β ρ σ χ−
⎛ ⎞+ +⎜ ⎟⎝ ⎠               (9) 
For every i, ( )1 1 1, , , , ,i i i nv v v v v− − += " " , and the definition of e is the same to (8)。
At last, the conditional posterior distribution of ρ  is as following: 
( ) ( )( ) ( ) ( )/ 22, , ( ) n kp V A s pρ β σ ρ ρ ρ− −∝           (10) 
( ) ( ) ( ) ( )2 1( ) ( ) /s Ay Xb V Ay Xb n kρ ρ ρ−′= − − −           
But, the distribution (10) can not be directly used to random simulation, so we look for some other 
methods to sample such arbitrary distribution. The method is to sample the parameter ρ  by means of 
Metropolis-Hastings algorithm and obtain β , σ  and V by Gibbs sampling procedure. 
LeSage (2000) suggested that normal distribution or t distribution be used to obtain ρ  so as to form 
Bayesian heteroscedasticity SAR model algorithm. There are two kinds of prior distributions: the prior 
distribution with information and the prior distribution with no information. Conjugate prior distribution 
is a kind of prior distribution with information, which makes it easy to calculate the posterior distribution, 
and which combined with likelihood function can bring in posterior distribution same to the prior 
distribution mode.  The prior distribution with no information has few effects on posterior distribution so 
as to have few effects on the results. Nowadays it is more and more common to use the prior distribution 
with no information for Bayesian analysis (Li Xuesong, 2008). Compared with ML parameter estimation, 
the Bayesian estimation takes parameters as random variables and infers them on the basis of their joint 
distribution instead of their conditional distribution. Therefore, Bayesian estimation can not only 
effectively solve the heteroscedasticity problem but also increase accuracy. In view of this, we construct 
general spatial cross-section model, homoscedasticity Bayesian spatial model and heteroscedasticity 
Bayesian spatial model on the basis of spatial auto regression and spatial error correction. As the above 
words, Gelfand and Smith (1990) has proved that sequential sampling the complete conditional 
distributions of all model parameters will make the estimators converge in limitation to their real (joint) 
posterior distributions.  
SAR model can be denoted as：
( ) ( )1 1n ny I W X I Wρ β ρ ε− −= − + −                   （11）
Here, X is a 30 4×  random number matrix which obeys normal distribution and is dependent on the 
number of parameters and empirical data. 
The results of the parameter estimations are showed in Table 5.8. Compare the estimation results of 
homoscedasticity GBS estimation and those of Bayesian LM posterior distribution and find that the 
former do not have better fitted value than the latter. But the heteroscedasticity GBS estimation of the 
spatial auto regression model has notable larger fitted value than homoscedasticity GBS estimation and 
LM posterior estimation. The adjusted R2 increases from 0.9160 and 0.9110 to 0.9463. That is the 
consistent with our former forecasting: the spatial model based on GBS has good results of solving spatial 
heteroscedasticity.    
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Table 2 the results of the parameter estimations of Bayesian spatial regression model 
Model 
SEM SAR 
LM GBS-homoscedasticity 
GBS-
heteroscedasticity LM 
GBS-
homoscedasticity
GBS-
heteroscedasticity
Consta
nt
0.956217 0.948372 0.95121 0.902428 0.904683 0.932244 
(0.00000
0)  (0.000000)  (0.000000)  
(0.00000
0)  (0.000000)   (0.000000)   
GDP 
-1.22812
6 -1.244408 -1.260382 1.114212 1.121995 1.098523  
(0.00000
0)   (0.000000)   (0.000000)   
(0.00000
0) (0.000000) (0.000000) 
EP 
1.191994 1.215697 1.215029 1.103717 1.109677 1.093729  
(0.00000
0) (0.000000)   (0.000000)   
(0.00000
0) (0.000000) (0.000000) 
POP 
-1.01542
2 -1.014399 -1.022215 1.001498 0.998991 1.014414 
(0.00000
0)   (0.000000) (0.000001)  
(0.00000
0) (0.000000) (0.000001)   
λ 0.864968 0.784702 0.764488    (0.00000
0) (0.000000) (0.000000)    
ρ     0.769960 0.756064 0.634602  
   (0.000000)  (0.000000)   (0.000000) 
2R  0.8745 0.8636 0.9202 0.9160 0.9110 0.9463  
2R  0.8600 0.8478 0.9040 0.9063 0.9007 0.9255 
Note: the value in the bracket is the p value of the significance test statistics of the parameter estimation.  
According to the results of estimating parameters, we conclude that in our empirical analysis Bayesian 
SAR model is totally better than Bayesian SEM model. According to the statistic tests, the 
2R of SAR 
model is notably larger than that of SEM model. Moreover, the estimation results of SAR model are in 
more accordance with China’s present actual situation. The results show that GDP and energy 
consumption change in the same direction and that population growth has positive correlation with energy 
consumption. Population growth causes energy consumption to increase, and urbanization causes urban 
population growth so as to increase energy consumption. In China, urban energy consumption per capita 
is three times as much as countryside. Now we have 1% urbanization rate each year so that urban 
population increases by 18,000,000 every year, which burdens energy consumption. Energy prices are not 
completely dependent on market and many firms consume energy on low prices provided by government 
so that energy consumption is not sensitive to energy prices or not affected by them totally. However, 
several regression models conclude that energy price increases or decreases as energy consumption 
increases or decreases, which suggest that we reform energy price policy. 
According to the estimation results of Bayesian SAR model, among three factors economic growth 
affect energy consumption most, followed by energy prices and population growth last. Nevertheless, the 
results do not suggest that we slow down economy growing in order to decrease energy consumption. 
According to developed countries’ experience, in early industrialization economic growth is realized in 
the price of great amount of energy consumption. Now China is in the early industrialization period, so it 
is inevitable to consume great amount of energy. But we can reduce our dependence on energy and lessen 
energy consumption. Although three factors have different effects the differences are few, which means 
that as long as the policy affects one of three, it will lead to similar effects. 
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Table 3  the Estimation Results of Bayesian SAR model 
parameter avtual 
value
ML TIC1 GBS-homoscedasticity TIC2 GBS-heteroscedasticity TIC3
1 0.9024 0.051303 0.9047 0.050034 0.9322 0.035090 
  1 1.1142 0.054016 1.1220 0.057490 1.0985 0.046938 
  1 1.1037 0.049294 1.1097 0.052000 1.0837 0.040169 
  1 1.0015 0.000749 0.9990 0.000500 1.0144 0.007149 
ρ 0.7 0.7700 0.047619 0.7561 0.038530 0.7568 0.038990 
Table 3 shows the mean and variance of Bayesian SAR estimations on the basis of 100 times sampling. 
The results in Table 3 are consistent with the certification of the theory that the estimation results of 
Bayesian model are highly close to those of MLE.  
And the estimation values of three models approach to the real ones. Theil Inequality Coefficient 
(called TIC for short) measures the capability of forecasting, and its equation is as following: 
2 2
2/ ( )T I C y y y y
∧ ∧⎛ ⎞= − +⎜ ⎟⎝ ⎠∑ ∑ ∑
Its value is between 0 and 1, and better the forecasting effects are, closer TIC is to. Except 3β , other 
parameters’ TICs are the least under GBS-heteroscedasticity estimation, which means that the model has 
best forecasting effects. 
Picture 2 shows the actual values and predicted values of Bayesian SAR heteroscedasticity Gibbs 
sampling. We can find that the actual values are close to the predicted values. Picture 3 shows the 
distribution of the mean of vi estimator. The vi estimator of every observation can be used to test whether 
if there exists abnormal observations or heteroscedasticity in the spatial sample. For example, the first 
point, the eleventh, the fifteenth, and the twenty-fifth have larger mean than the others. These points 
correspond to Beijing, Zhejiang, Shandong, and Yunnan, whose variances are larger than the other areas.     
Picture 2 the Actual and Predicted Values of GBS-Heteroscedasticity Model      ·
Picture 3  Mean of vi Draws 
4. Conclusion 
In this paper, we study the spatial effects of every province’s energy consumption, their concrete forms 
and their influence on energy consumption. Then construct spatial panel model and Bayesian spatial 
0β
1β
2β
3β
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model based on Gibbs sampling, compare their applicability. Now on the basis of the above analysis, we 
conclude that: 
(1) In China there exists a little strong correlation in energy consumption among all provinces, and the 
correlation tends to strengthen. That reminds us that we should take the spatial overflow effects of energy 
consumption among provinces when we research the issue of energy consumption.  
(2) Economic growth causes energy consumption to increase. At present, China’s economic growth is 
rather dependent on energy consumption. So if we can not construct resource-saving national economic 
system, China’s economic growth will be restricted. 
(3) Now in China the energy prices do not reflect the true demand and supply of energy so that there 
exists unreasonable phenomenon that energy prices and consumption change in the same direction.  
(4) The elasticity coefficient of the effects of Population growth on energy consumption is not less 
than that of economic growth and energy prices. This requires us to place importance on the influence of 
population growth on energy consumption when we save energy and reform energy prices. So we should 
continue to carry out family planning policy by improve the level of female education and employment. 
What’s more important is to better the quality of population, change people’s consumption structure and 
enhance the efficiency of allocating energy. 
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